ABSTRACT
INTRODUCTION
There is a rapid growing evidence that RNA molecules are not solely carriers of genetic information, but key players in a wide range of cellular processes, such as protein synthesis and transport, RNA processing and splicing, and chromosome replication (Storz, 2002; Eddy, 2001; Doudna and Cech, 2002) . Similar to proteins, the function of these non-coding RNAs is inferred from the 3D structures that they form, rather than their primary sequence per se. Thus, methods for analyzing RNA structures, comparing them with one another and identifying new motifs and folds are of utmost importance for deciphering their biological activities (Doudna, 2000) .
In the absence of RNA tertiary structures, many computational methods for structure prediction and analysis of RNAs have been developed to work at the secondary structure level, that is the level of base pairing (Hofacker et al., 1994; Zuker et al., 1999; Akutsu, 2000; Gan et al., 2003) . Although such methods provide excellent starting points for exploring RNA structures, their inherent limitation is that they are incapable of predicting tertiary motifs. These motifs mainly involve interactions between secondary structure elements, and are key players in establishing the global fold of an RNA (Batey et al., 1999; Moore, 1999; Tamura et al., 2004) . * To whom correspondence should be addressed.
In the past few years both the number and size of solved RNA tertiary structures has dramatically increased. This has stimulated the development of computational methods for 3D structural analysis of RNAs (Duarte and Pyle, 1998; Lu and Olson, 1999; Lu et al., 1999; Gendron et al., 2001; Yang et al., 2003; Lu and Olson, 2003) . Nevertheless, only a few RNA structural comparison methods are currently available. The NASSAM method is a graph theoretic method that searches nucleic acid structures for a given 3D pattern. It represents each base by two vectors and a whole nucleic acid structure as a labeled graph, where the nodes are the vector representations of the bases and the edges are the distances between them. After representing the given 3D pattern and the structure to be searched as graphs, the exponential-time Ullman algorithm for subgraph isomorphism is used to locate the pattern within the structure (Harrison et al., 2003) .
Another method is PRIMOS (Duarte et al., 2003) . This method represents each nucleotide by two pseudo-torsion angles (η and θ ) as calculated by the AMIGOS program (Duarte and Pyle, 1998 ) and a whole structure as a sequence of η − θ values, which is called an RNA worm. PRIMOS detects structural differences between molecules with the same number of nucleotides by comparing their worms. It is mainly suitable for examining different conformations of the same molecule and searching structures for a specified continuous motif (by comparing the motif's worm with every possible worm segment of the structures).
Both NASSAM and PRIMOS are useful motif searching methods, but they are unsuitable for detecting new motifs that are not specified in advance. To partially overcome this limitation, the COMPADRES method employs PRIMOS's worm representation and searches structures for new motifs consisting of at least five continuous nucleotides (Wadley and Pyle, 2004) . Specifically, for a given dataset of RNA structures, COMPADRES generates an RNA worm representation for the entire dataset by concatenating the worms of all chains. The resulting worm is then plotted against itself so that the η and θ values of each nucleotide are compared to those of the other nucleotides. Finally, the plot is scanned and all diagonals with at least five continuous matches of nucleotides are considered as new motif candidates. Indeed, COMPADRES has been successfully applied by the authors to discover new conformationally recurring motifs. However, an inherent limitation is that the discovered motifs are restricted to be sequential.
Here, we describe a new method for comparing 3D nucleic acid structures and identifying a-priori unknown common substructures. The common substructures identified are non-sequential and can be either large global folds containing hundreds and even thousands of nucleotides or small local tertiary motifs with at least two successive base pairs. The method is highly-efficient and suitable for searching large 3D structure databases, like the protein data bank (PDB) (Berman et al., 2000) .
APPROACH

Problem definition
The input consists of two nucleic acid structures represented by the 3D coordinates of their atoms in PDB format (Berman et al., 2000) . We single out the phosphate atoms as critical points and treat the input structures as sets of points in 3D space, where each point is associated with a position of a phosphate atom: A = {a i } and B = {b i } (the indices are according to the primary structure order).
The task can be formulated as finding a rigid transformation (rotation and translation) that superimposes the largest number of phosphate atoms of one structure onto the phosphate atoms of the other structure within a predefined distance error. More precisely, for a given ≥ 0 the goal is to find a 3D rigid transformation T and two corresponding point sets
is at most . We use two distance functions: (1) the root mean square deviation (RMSD), which is defined for A and T (B ) as (( (Kaindl and Steipe, 1997) and (2) the bottleneck matching metric, which is defined for A and T (B ) as max i T (b i ) − a i (Efrat et al., 2001) .
The pure geometric formulation of the above biological problem is known as the largest common point set (LCP) problem in computational geometry (Alt and Guibas, 2000) . Although this problem has been extensively studied, there is neither an exact algorithm nor an approximate one for the RMSD metric. For the bottleneck matching metric, there is an exact algorithm, but it is impractical since it requires O(n 32.5 ) time, where n = max(|A|, |B|) (Ambühl et al., 2000) . There is also an approximate algorithm that guarantees finding the LCP with 8 distance error and cardinality at least as large as that of the LCP with distance error (Goodrich et al., 1994; Akutsu, 1996) . The time complexity of this algorithm is O(n 8.5 ). However, since for nucleic acid structures n can be thousands of nucleotides (like in the case when comparing two ribosomal structures), this algorithm might also be impractical.
From a biological standpoint, solving the LCP problem for the two input nucleic acid structures as if they were pure sets of 3D points might yield false-positive alignments for compact large dense structures like the ribosome. The reason is that almost any arbitrary pair of large compact structures can be aligned so that many of their nucleotides are superimposed, resulting in biologically meaningless alignments. To filter out beforehand these noisy alignments, it is thus preferable to maximize not only the number of corresponding nucleotides, but also the number of corresponding base pairs. The rationale is that more than half of the nucleotides in an average noncoding RNA participate in base-pairing and the double helices that they form are structurally more conserved than loops (Moore, 1999) .
If we denote the sets of base pairs for structures A and B as A bp = {(a i , a j ) : a i , a j ∈ A, i = j } and B bp = {(b s , b t ) : b s , b t ∈ B, s = t} respectively, then the task can be formulated as follows: for a given ≥ 0 we are interested in finding a 3D rigid transformation T , two corresponding point sets
and two corresponding sets of l base pairs
that the scoring function F (l, k) = w 1 ·k+w 2 ·l is maximized and the bottleneck matching distance between A and T (B ) is at most . The weights w 1 and w 2 have been determined to be 1 and 2 respectively. This means that the score for a nucleotide participating in a spatially conserved base pairing is twice the score for an unpaired conserved nucleotide. Note that when w 2 = 0 the task is to find the LCP.
Here, we present a heuristic algorithm for the problem stated above. The theoretical worst case complexity of the algorithm is O(n 3 ) and, as demonstrated in the Results section, it yields good solutions with very short running times.
Method
The key idea is to construct all the possible hypothetical correspondences between two successive base pairs of structure A and two successive base pairs of structure B. We call such a correspondence a seed match. Since the two structures are considered rigid bodies, each seed match uniquely defines a rigid transformation that superimposes the two base pairs of B onto the corresponding base pairs of A. We use this transformation to superimpose the whole structure B onto structure A and extend the seed match by finding additional coinciding base pairs and unpaired nucleotides. Finally, the matches are ranked according to the scoring function and the highest scoring matches are reported.
Seed match construction
The set of base pairs (canonical as well as non-canonical) of each structure is identified in an initial stage using the 3DNA software (Lu and Olson, 2003) :
Then, we construct the hypothetical seed matches as follows. For each structure we form the set of all base quadrats, where a base quadrat is a 4-tuple of phosphate atoms located on two successive base pairs:
A seed match is then defined as a correspondence between the phosphate atoms of two base quadrats, one inÂ and one inB, that is
In fact, we are not interested in all the possible matches defined byÂ ×B, but only in seed matches of -congruent base quadrats. These are base quadrats that can be superimposed by a transformation T so that the bottleneck matching distance between them is at most :
Two base quadrats are -congruent only if the maximal difference of their inter-distances is at most 2 . Based on this observation, the search space is restricted and all the -congruent base quadrats are efficiently detected by hashing. Specifically, each base quadrat is represented by a rigid motion invariant signature consisting of its six inter-distances. Then, all the base quadrats of structure A are stored in a 6D hash table addressed by their signatures. The base quadrats of structure B are used to query the hash table and for each of them all the base quadrats stored within radius 2 of its signature are extracted. Note that for each base quadrat of B the extracted set of base quadrats necessarily contains all its -congruent base quadrats in A.
A seed match is constructed between each base quadrat of B and each base quadrat of A extracted for it from the hash table. Then, for each seed match we use the least-squares fitting technique to compute the transformation that aligns the two base quadrats with minimum RMSD (Kabsch, 1978) . Seed matches with RMSD greater than are ignored, since for them the bottleneck matching distance is also greater than . The least-squares fitting technique works in O(n) time, where n is the size of the given corresponding list. For each seed match there are four corresponding pairs. Thus, the runtime for computing its transformation is O(1).
Global extension
In this stage we extend all the seed matches. Specifically, for a given seed match with a transformation T , the goal is to find two corresponding subsets
⊆ B with l corresponding base pairs so that the scoring function F (l, k) = w 1 · k + w 2 · l is maximized and ∀i : a i −T (b i ) ≤ . In case one of the weights in the scoring function is zero (meaning that the goal is to maximize the number of corresponding nucleotides or the number of corresponding base pairs, but not both), the optimization problem can be solved by an exact algorithm for finding maximal matching in a bipartite graph (Mehlhorn, 1999; Akutsu, 1996) . For example, if w 1 = 0, the bipartite graph is a graph G = (A bp ∪ B bp , E), where e = ((a i , a j ), (b s , b t ) ) ∈ E if, and only if, the bottleneck matching distance between the two base pairs it connects after applying the transformation is at most , that is a i − T (b s ) and a j − T (b t ) ≤ . The maximal cardinality matching in this graph is equivalent to the maximal number of base pairs of B that coincide with base pairs of A after applying T . The time required for constructing the graph and solving the maximal bipartite matching problem is O(|G| + |A bp | + |B bp | · |E|). For n = max(|A|, |B|), there are O(n) base pairs and, as described below, the number of possible matches for each base pair of A is constant. Thus, E = O(n) and the total time complexity is O(n 1.5 ). An exact algorithm for maximizing the scoring function in case the two weights are non-zero is currently unknown. Instead, we use the following two-stage greedy approach. We place structure B on a 3D grid. Then, for each base pair (a i , a j ) of A, we access the grid and examine two balls of radius from a i and a j : δ(a i , ) and δ(a j , ). If there is a base pair (b s , b t ) of B such that T (b s ) ∈ δ(a i , ) and T (b t ) ∈ δ(a j , ), then we match it to (a i , a j ). In case more than one base pair of B exists in the two balls, the one with the smallest bottleneck matching distance from (a i , a j ) is selected. For a small , the number of phosphate atoms in a ball of radius is bounded. Thus, for each base pair of A we examine a constant number of possible matches. Since there are O(n) base pairs the overall running time is O(n). In the next stage, we find matches for all the remaining unmatched nucleotides of A in a similar way. The runtime complexity is also O(n). Finally, after extending the seed matches, we refine their transformations by applying the least-squares fitting technique (Kabsch, 1978) .
Empirically, this greedy algorithm works quite well. We massively tested two versions of it, one with the first stage only for maximizing the number of matched base pairs and the other with the second stage only for maximizing the number of matched nucleotides. We compared these two versions to the equivalent exact maximal bipartite matching algorithms and the results were almost the same, but were obtained with substantially shorter runtime.
Scoring and ranking
The extended matches are sorted by lexicographic order defined on their score and the RMSD between the matched phosphate atoms. Since two nucleic acids may share more than one common substructure, we are interested in reporting the k top-ranking matches and not only the first one, where k is a user defined parameter (ten by default). However, we cannot simply take the first k matches in the sorted list, since some of the matches may be redundant. These are matches with approximately the same transformation and a slightly different core. To report the k nonredundant top-ranking matches, we apply iterative clustering. In each iteration, we extract the top-ranking match from the sorted list and add it to a final non-redundant list of top-ranking matches if it differs from all the current matches in this list. To check if two matches are different, we apply their transformations on three phosphate points forming the largest triangle in structure B and compute the RMSD distance of the two transformed triangles. If the distance is below , the two matches are considered similar. Since it takes O(1) time to check if two transformations are similar, the total time required for ranking and reporting the k non-redundant top-ranking matches from m initial matches is O(m log m + mk). This is equal to O(m log m) for a small k.
Complexity
Here, we describe the worst case complexity of the algorithm. Let n be the maximal number of nucleotides in the given nucleic acids, that is n = max(|A|, |B|). The number of base pairs participating in stems for each structure is O(n). Thus, the number of possible base quadrats for each structure is also O(n). In the worst case, all the base quadrats of A will be extracted from the hash table for each base quadrat of B. As a result, we will construct, extend and score O(n 2 ) seed matches. This takes an overall O(n
In practice, the runtime complexity for typical RNA molecules may be lower than the theoretical one due to the usage of the hash table.
RESULTS
Using our method we have conducted an exhaustive all-against-all comparison of all the 770 RNA 3D structures currently available in the PDB (Berman et al., 2000) . Condor, a distributed job schedule, was used to launch this compute-intensive execution on a cluster of standard PC nodes (Tannenbaum et al., 2001) . The size of the PDB structures ranges from a few nucleotides to thousands of nucleotides (4-4599 nt). The runtime for a pairwise comparison varied from a few milliseconds to <40 min on a standard PC workstation (Pentium© 4, 2.60 GHz processor with 2 GB RAM). The most time-consuming executions were between ribosomal structures with thousands of nucleotides. For a pair of average-size RNA structures with hundreds of nucleotides the runtime was a few seconds. For each structure, the 1st top-ranking alignments with all the other structures were sorted by lexicographic order defined on their score and the RMSD between the matched phosphate atoms. All the results can be accessed via the web site. We present below several interesting cases supported in the literature.
Self-splicing group I introns
RNA splicing is the process of removing introns from a precursor RNA transcript and combining the flanking exons into a mature RNA. While the splicing of most introns is carried out by a large ribonucleoprotein complex called the spliceosome, there are some self-splicing introns that catalyze both their excision and the exon ligation. Crystal structures for three self-splicing group I introns are currently available: the Azoarcus pre-tRNA I le intron with both exons (PDB:1u6b; Adams et al., 2004) , the Tetrahymena pre-rRNA intron (PDB:1x8w; Guo et al., 2004) and the Twort ribozyme intron (PDB:1y0q; Golden et al., 2005) . Like other group I self-splicing introns, these three introns possess a single active site in which a two-stage splicing process occurs. In the first stage, an exogenous guanosine binds to the The top-ranking alignments found by an all-against-all PDB comparison for the three currently available self-splicing group I intron structures (PDB:1u6b, 1y0q and 1x8w). For each alignment the data appearing in the columns are as follows: (1-2) the PDB code and the number of nucleotides of each structure; (3) the score of the alignment; (4) the number of base pairs in the core; (5) the number of nucleotides in the core; (6) the RMSD distance between the matched nucleotides; (7) the number of matched nucleotides with the same base identity and (8) Right: Zoom in on the spatially conserved guanosine-binding site. This G-site consists of four adjacent base-triples, that is (A263-G312-C262, G264-C311-G414, A265-U310-A261, C266-G309-A306) in the Tetrahymena structure superimposed onto (A129-C178-G128, G130-C177-G206, A131-U176-A127, C132-G175-A172) in the Azoarcus structure. The G-site's backbone is depicted in green, where the bases are in red and blue respectively. The backbone of the rest of the core is depicted in yellow and the backbone of the structurally diverse region is in gray. This figure and all subsequent figures were prepared using PyMOL (DeLano, 2002, http://www.pymol.org).
intron's active site, attacks the 5 splice site and cleaves the 5 exon.
In the second stage, the 3 -terminal guanosine binds to the active site instead of the exogenous one, its 3 phosphoryl group is attacked by the 3 -hydroxyl of the 5 exon, the two exons are ligated and the intron is released. Despite the fact that the catalytic states of the three introns are different, ARTS has indicated that the 3D structure of their catalytic core is conserved. Furthermore, in the all-against-all PDB comparison the first top-ranking structure for PDB:1u6b was PDB:1y0q and the second one was PDB:1x8w. The results for PDB:1y0q were similar, that is PDB:1u6b was ranked first and PDB:1x8w was ranked second. For PDB:1x8w the first two top-ranking alignments were with other Tetrahymena group I intron structures (PDB:1grz and 1hr2). See Table 1 . Figure 1 presents the structural alignment between the Azoarcus and the Tetrahymena introns. The core region consists of 81 nt ii50 Fig. 2 . Ribosomal protein S8-RNA complexes. Left: The alignment between the spc operon mRNA bound to protein S8 (PDB:1s03, 47 nt, red) and the small ribosomal subunit (PDB:1n33, 1523 nt, only 16S rRNA and protein S8 are displayed in gray and blue respectively). The core consists of 45 nt with an RMSD of 1.54 Å (depicted in yellow). Right: Zoom in on the spatially conserved binding site. The binding site's backbone is depicted in green, where the bases of the four interacting nucleotides, that is (A12, A14, C15, G37) of the spc mRNA superimposed on nucleotides (A640, A642, C643, G597) of the 16S rRNA, are in red and blue, respectively.
with an RMSD of 1.68 Å and 0.37 base identity. The spatially conserved nucleotides are located on helices P3, P4, P6 and P7 that form a molecular cleft in which the catalytic site is located. In particular, the guanosine-binding site, including the 3 -terminal guanosine, was found to be spatially conserved, that is, the four adjacent base-triples (A263-G312-C262, G264-C311-G414, A265-U310-A261, C266-G309-A306) in the Tetrahymena structure were superimposed onto (A129-C178-G128, G130-C177-G206, A131-U176-A127, C132-G175-A172) in the Azoarcus structure, where the 3 -terminal guanosine nucleotides are G414 and G206. These observations are consistent with the ones of Adams et al. (2004) and Guo et al. (2004) . The alignments between the other introns are available on the web site.
Ribosomal protein S8-RNA complexes
In Escherichia coli, ribosomal protein S8 does not only play a key role in the small ribosomal subunit assembly through its interaction with 16S rRNA, but also regulates its synthesis and the synthesis of other ribosomal proteins by binding to the spc operon mRNA (Cerretti et al., 1988) . A crystal structure for E.coli S8 bound to the spc operon mRNA is available (PDB:1s03, 47 nt; Merianos et al., 2004) and in our all-against-all PDB comparison the top-ranking alignment for this structure was with the Thermus thermophilus small ribosomal subunit (PDB:1n33, 1523 nt). The runtime for obtaining this alignment was 10 s and according to it the spc mRNA is structurally similar to Helix 21 of the 16S rRNA (45 spatially conserved nucleotides with an RMSD of 1.54 Å), despite their low sequence identity (0.42 base identity). Figure 2 shows the alignment. One can see that protein S8 binds to the two RNAs in a similar manner. Specifically, the two binding sites are superimposed, that is nucleotides A12-G17, C34-U38 of the spc mRNA are superimposed on nucleotides A640-C645,G594-U598 of the 16S rRNA, where the interacting nucleotides are (A12, A14, C15, G37) and (A640, A642, C643, G597) (Merianos et al., 2004) . This alignment reaffirms the theory that the synthesis of ribosomal proteins is regulated by a competition between rRNA and mRNA for some of the ribosomal proteins.
Ribonuclease P RNAs
Ribonuclease P (RNase P) is an enzyme that plays a key role in the biosynthesis of transfer RNAs (tRNAs). It is an endonuclease that removes the 5 precursor sequences of tRNAs and generates their mature 5 terminus. In bacteria, RNase P is a ribonucleoprotein The highest scoring non-redundant alignments detected by an all-against-all PDB comparison for both the A-type (PDB:1u9s) and B-type (PDB:1nbs) RNase P RNAs. For each alignment the data appearing in the columns are as follows: (1-2) the PDB code and the number of nucleotides of each structure; (3) the score of the alignment; (4) the number of base pairs in the core; (5) the number of nucleotides in the core; (6) the RMSD distance between the matched nucleotides; (7) the number of matched nucleotides with the same base identity and (8) the runtime in seconds. The representations of alignments are available on the web site.
consisting of a large RNA and a small protein, where the RNA subunit (RNase P RNA) is the catalytic component (Pace and Brown, 1995; Chen and Pace, 1997) . Based on comparative sequence analysis, the bacterial RNase P RNAs are classified into two major types, A and B. Despite the significant difference in their secondary structure, both types consist of two independent folding domains: a specificity domain (S-domain) and a catalytic domain (C-domain). The specificity domain is responsible for binding the pre-tRNA substrate, while the C-domain contains the active site (Loria and Pan, 1996) . Recently, the 3D structure of the specificity domain has been determined both for the A-type T.thermophilus (PDB:1u9s) and for the B-type B.subtilis (PDB:1nbs) RNase P RNAs (Krasilnikov et al., 2003 (Krasilnikov et al., , 2004 . Despite the different overall fold of these two structures, ARTS has indicated that they share a common substructure. Figure 3 shows their alignment. The core consists of 41 nt with an RMSD of 1.80 Å and 0.56 base identity. Most of the spatially conserved nucleotides are located in the four-way junction (especially on stems P7, P10 and P11) and the non-helical module formed by J11/12 and J12/11, near the pre-tRNA binding site. This result agrees with the comprehensive structural analysis of Chen and Pace (1997) . Moreover, in the 3D alignment obtained by ARTS the main interaction nucleotides of the two S-domains with the pre-tRNA substrate, A108-A172-A226 in T.thermophilus and A130-G220-A230 in B.subtilis, are located in similar positions, as reported by Chen and Pace (1997) . However, the triplet A108-A172-A226 is superimposed onto the triplet A130-A221-A230, that is, A172 is superimposed onto A221 and not onto G220. This suggests a slightly different interacting triplet for the B.subtilis structure that shares the same 3D configuration and base identity as the interacting triplet of the T.thermophilus structure.
In the all-against-all PDB comparison, the alignment between the two RNase P specificity domains was ranked below some other interesting alignments with different structures. Specifically, the top-ranking alignments for PDB:1u9s were with the large and small ribosomal subunits (e.g. PDB:1njn and PDB:1hnx respectively) and with Tetrahymena group I introns (e.g. PDB:1hr2). For PDB:1nbs the top-ranking alignments were with the large and small ribosomal subunits (e.g. PDB:1nwx and PDB:ibk respectively), with group I introns (e.g. PDB:1u6b), with a pentameric model of the bacteriophage φ29 prohead RNA (PDB:1foq), with 29mer fragment of human signal recognition particle RNA (PDB: 1d4r), with tRNA (e.g. PDB:1gax) and with a hairpin ribozyme (PDB:1m5k). For details see Table 2 and the website.
CONCLUSION
We have described a novel method for aligning nucleic acid tertiary structures and detecting their common substructures. The common substructures identified can be large global folds with hundreds and even thousands of nucleotides (like in the case when comparing two ribosomal structures) as well as small local motifs with two consecutive base-pairs. The method is highly efficient and fully automated, where a typical comparison of two nucleic acids takes a few seconds on a standard PC. The method was used to conduct an all-againstall comparison of all the RNA 3D structures currently available in the PDB. All the alignments can be accessed via the web site. Here, we have presented some interesting biological cases that are supported by the literature. A thorough analysis of the results is still required. This includes filtering redundant alignments, defining the expect (E) value and compiling a dataset of known and novel tertiary motifs. Such an analysis can aid in discovering and classifying RNA folds and tertiary motifs. It may shed new light on the evolutionary relationship between RNAs and reveal their functional properties. Possible future extensions for the alignment method include considering more than the phosphorus positions as critical points, considering sequence requirements and the identity of nucleotides and/or base pairs in the scoring function, dealing with RNA flexibility and aligning multiple nucleic acid structures instead of only a pair.
